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Abstract. Cantilever structure, which needs high-frequency rotating motion, is widely used in the 
field of chip manufacturing. The motion stability of high-frequency rotation motion of cantilever 
structure directly affects the production efficiency. The traditional dynamic analysis method is no 
longer applicable to analyze the vibration of cantilever structure under high-frequency rotating 
motion. It is also urgent to control the high-frequency rotation motion of cantilever mechanism. 
In this paper, experiments are designed to collect strain signals of chip sorter’s cantilever under 
high-frequency operation, and modal parameters are extracted from time domain signals by 
symbolic regression algorithm. The results of modal parameter identification at high-frequency 
are selected as the samples, and the Gaussian process regression model of machine learning 
algorithm is used to train the samples. The prediction results can be used as the basis of structural 
stability research and vibration suppression. 
Keywords: high-frequency rotational motion, modal analysis, strain response, symbolic 
regression, dynamic adaptive technology, main vibration frequency. 
1. Introduction 
High-frequency rotating cantilever structure is widely used in the field of chip manufacturing. 
The motion stability of the rotating cantilever structure directly affects the production efficiency 
of the chip [1, 2]. However, there are few researches on the vibration analysis of the cantilever 
rotating structure, and few of them can be used in the industrial production site [3-5]. The research 
on the vibration characteristics of the cantilever rotating structure at high-frequency needs to 
increase the time and energy input of scientific researchers. With the development of intelligent 
era and mass mode of big data, it is urgent to adapt to the high-frequency rotation motion of 
cantilever mechanism controlled by big data [6]. 
In this paper, modal analysis method is used to study the vibration stability of cantilever 
mechanism under high-frequency rotation [7, 8]. At present, the research on the vibration of 
cantilever mechanism adopts the traditional vibration analysis technology [9], but also stays in the 
traditional theoretical research stage. Some rules are found, but the laws are closely related to the 
specific structure types. Therefore, it is important to obtain a general intelligent vibration analysis 
method of cantilever mechanism adapting to big data mode. At the same time, the current research 
on the cantilever structure only stays in the static or quasi-static conditions, and the research on 
the vibration characteristics of the cantilever structure under the high-speed operation condition is 
very few, and the research on the cantilever motion with emergency stop and commutation motion 
is not available. 
In order to analyze the vibration characteristics of the cantilever structure of the chip sorter 
under high-frequency operation, the modal analysis technology is adopted in this paper. However, 
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in order to adapt to the industrial production in the big data mode, the intelligent algorithm is 
added to update the traditional algorithm. In order to solve the problem of obtaining dynamic 
adaptive modal parameters, evolutionary computation is an advanced intelligent and dynamic 
adaptive technology [10]. It can search multiple solutions in the solution space implicitly and in 
parallel, and use the difference between different solutions to set the penalty function and obtain 
the best solution. Evolutionary computation refers to the behavior of biological groups, and uses 
the development mode of survival and reproduction among populations to carry out population 
evolution. For example, the application of backtracking search algorithm (BSA) [11] in economic 
dispatch, and artificial cooperative search algorithm [12] for finding the optimal solution of 
complex optimization problems, and particle swarm optimization (PSO) [13] simulated ti67/Nb 
adhesion strength, and hardness to predict output performance and rainfall optimization algorithm 
(RFO) [14] is used to obtain the optimal solution of numerical optimization problems. Particle 
swarm optimization PI (PSO PI) [15] is used to control the rotating d-q current and drive the 
induction motor. PSO has the same performance as genetic algorithm, but it is faster and simpler. 
Most importantly, regression analysis and the most popular evolutionary computation methods 
are based on the assumption that the form of function used is set [16]. The disadvantage of these 
programs is that they consume a lot of computing time. In addition, the function form of the model 
is selected according to experience, and the natural law may not be able to reflect it well. This 
means that the complex model function expression is selected for the complex vibration system, 
but the law implied in the experimental data is very simple, or simple model function expression 
is selected according to the complex law implied in the experimental data of complex vibration 
system. But the problem is that it is difficult to determine the number of enough single pulse 
excitation, and it is difficult to solve the problem of obtaining dynamic adaptive modal parameters. 
Therefore, it would be advantageous to have an algorithmic approach to determine the best 
correlation for experimental data without assuming its functional form. The problem is how to 
analyze the correlation automatically based on the measured data. 
At present, due to the emergence of data mining, this problem can be well solved with the help 
of the current computer technology [17]. Without any physical knowledge, the data mining 
algorithm finds the Newton's law, geometry and momentum conservation laws of the reaction 
system hidden in the data. We always analyze problems in the way that we decompose complex 
problems into a series of simple problems, so as to slowly excavate the inherent laws hidden in 
nature [18]. In the traditional parametric regression analysis, the function model between free 
variables and coefficients should be assumed in advance to solve the system parameters, and the 
optimal coefficient of the equation can be obtained by minimizing the error between the estimated 
value and the experimental value. The difference is that symbolic regression (also known as 
function identification) does not need to assume the function model in advance. It can obtain the 
functional relationship between variables by minimizing the error between the predicted value and 
the experimental value [19], and automatically search out mathematical laws and function models 
from the data set. In addition, parametric regression will have pseudo linearity, continuity and 
other conditions [20], while symbolic regression does not. The other advantages of symbolic 
regression are: (1) depending on the large-scale population number and setting reasonable 
mutation and crossover probability parameters in the algorithm, the algorithm is not easy to enter 
the local optimum; (2) the population operation is carried out by using the operator to improve the 
execution strength of the algorithm; (3) the individuals with hierarchical structure of binary tree 
can adapt to the nonlinear requirements very well. Therefore, as a good dynamic adaptive 
algorithm, symbolic regression only mines function expression rules from response data, and then 
obtains dynamic adaptive modal parameters. 
At present, there is no research and patent on the application of symbolic regression in modal 
analysis, but the application scope of symbolic regression method has developed in recent years. 
In 2009, Michael Schmidt explained the theoretical usage of symbolic regression by mining the 
classical physical laws implied in model experimental data [18]. In 2016, Wu laitong used 
symbolic regression and genetic programming algorithm to mine the variation rules of model 
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parameters of underwater vehicles [21]. Yu Peng applied symbolic regression genetic 
programming algorithm to the field of power quality analysis, which can reduce the loss of time 
information and improve work efficiency [22]. The main applications of symbolic regression are 
genetic programming [23], gene expression programming [24] and stepwise regression algorithm 
for randomly generating candidate factor sets [25]. Among these algorithms, the most developed 
one is genetic programming. Genetic programming is a generalized hierarchical computer 
program that can adaptively deal with linear or nonlinear problems [26, 27].  
In this paper, a dynamic self-adaptive evolutionary calculation method called genetic 
programming is used, which is also an extension of symbolic regression [28]. The dynamic 
self-adaptation method searches the optimal parameter expression rules of the target model from 
simple model to complex model by evolution. The hidden rules in the data can be mined out, and 
finally the modal parameters can be identified to reflect the vibration characteristics of cantilever 
structure under high-frequency operation. 
2. Identification of main vibration frequency characteristics of chip sorter under high 
rotation 
2.1. Experimental arrangement 
Because the period, high-frequency, emergency stop and commutation excitation and pulse 
excitation of the cantilever structure of the chip sorter are very similar under the operating 
conditions, this paper makes the assumption that the high-frequency, emergency stop and 
commutation excitation in this period are pulse excitation. The response is the superposition of 
enough times of intermittent single pulse excitation. The shape of cantilever structure will change 
under different rotation frequency due to the different structure shape under dynamic and static 
conditions. The strain signals of the chip sorter with cantilever mechanism at high-frequency were 
collected. 
The experiment is carried out on the cantilever of the chip sorter, as shown in Fig. 1. 10 points 
are arranged equidistant on the cantilever, and a strain gauge (point 1-10) is attached to each point. 
At the same time, the data acquisition device is connected to collect the strain data under different 
rotation frequencies. Before the experiment, three groups of experiments were conducted, 
including static, 3 Hz and 6 Hz, to pre-inspect the difference between static and dynamic 
conditions. It can be seen from Fig. 2 that the main vibration frequency of the cantilever under the 
static striking condition and the other two groups of operating conditions has changed. Obviously, 
the main vibration frequency of the system is increased under the rotating frequency of 6 Hz, 












Fig. 1. Cantilever experimental device 
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Fig. 2. Vibration characteristics of cantilever under static and high-frequency operation 
In the formal experiment, five groups of operating conditions were set up, including 3 Hz, 
4 Hz, 5 Hz, 7.5 Hz and 10 Hz. Considering the problem of adaptive modal parameter identification 
under periodic shock excitation, a symbolic regression method is proposed. Data mining based on 
symbolic regression method can deal with the zero drift, trend term, high-frequency periodic noise 
and other interferences in the strain signal, and extract the modal parameters dynamically and 
adaptively. In order to analyze the vibration characteristics of the cantilever under operating 
conditions, the modal parameters are extracted from the time domain signal by using the symbolic 
regression algorithm. The process of experimental data processing is divided into three parts: data 
preprocessing, data import symbolic regression algorithm and modal parameter extraction of 
result model. 
2.2. Identification of main vibration frequency characteristics based on strain response 
As a data mining method, symbolic regression can obtain modal parameters only by mining 
the function expression rules of single point response data. It can deal with the interference of zero 
drift, trend term and high-frequency periodic noise in the strain signal, and extract the modal 
parameters dynamically and adaptively. The modal parameters are extracted from the time domain 
signals by using the symbolic regression algorithm. 
This section analyzes the vibration characteristics of the cantilever under operating conditions. 
First, the experimental data is preprocessed to remove noise and other interference. The 
preprocessing includes smoothing and regularization. Considering that the data is affected by the 
noise in different degrees, the corresponding smoothness coefficient has been adjusted. Then 
import the preprocessed strain data into the symbolic regression for modal parameter  
identification. Considering the selectivity of the model and the current hardware conditions, only 
the model corresponding to the theory is extracted. Tables 1-5 are the modal frequency 
identification results, which correspond to the rotation frequencies of 3 Hz, 4 Hz, 5 Hz, 7.5 Hz, 
and 10 Hz, respectively. 
Table 1. Recognition results by symbolic regression (3 Hz) 
Frequency / Hz Function identification results Smoothness 
209.1, 107.7 𝑦 = 0.1cos(209.1𝑥) − 0.8 − 0.2cos(−107.7𝑥) 50 % 
204.0 𝑦 = 0.4cos(−204.0𝑥) − 0.6 50 % 
31.9 𝑦 = 2.5cos(−31.9𝑥) − 0.7 50 % 
210.8 𝑦 = 1.5cos(210.8𝑥) − 243.3 − 305.1cos(𝑥) 30 % 
184.0 𝑦 = 22.1 + 2.1cos(184.0𝑥) − 36.4cos(7.3𝑥) 50 % 
155.0 𝑦 = 0.3 + 0.5cos(−155.0𝑥) 50 % 
156.2 𝑦 = 0.17 + 0.3cos(156.2𝑥) 50 % 
43.6 𝑦 = 0.3cos(43.6𝑥) − 0.1 50 % 
188.3 𝑦 = 190.7 + 0.2cos(188.3𝑥) − 18.9𝑥 50 % 
104.0 𝑦 = 0.4cos(104.0𝑥) − 0.3 − 0.3cos(118.3𝑥)cos(104.7𝑥)− 0.4cos(118.3 ∗ 𝑥) cos(104.7𝑥) 50 % 
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Table 2. Recognition results by symbolic regression (4 Hz) 
Frequency / Hz Function identification results Smoothness 
214.0 𝑦 = 0.6cos(−214.0𝑥) − 0.4 50 % 
203.7 𝑦 = 2.6𝑥 − 27.0 − 0.4cos(203.7𝑥) 40 % 
124591.5 𝑦 = 771.6 + 0.9cos(124591.5𝑥) − 76.5𝑥 30 % 
1060.0 𝑦 = 588.2 − 58.3𝑥 − 1.1cos(1060.0𝑥) 50 % 
206.1 𝑦 = 2130.7 − 211.4𝑥 − 2.5cos(−206.1𝑥) 30 % 
157.5, 531.9 𝑦 = 0.3 + 0.6cos(−157.5𝑥) + 0.1cos(531.9𝑥) 30 % 
155.0 𝑦 = 4.3𝑥 + 0.5cos(155.0𝑥) − 43.8 30 % 
615.7 𝑦 = 4.3𝑥 + 0.5cos(155.0𝑥) − 43.8 30 % 
936.5 𝑦 = 4.4𝑒 − 10exp(1056.9 − 10.2𝑥 ) − 0.4 − 0.5sin(936.5𝑥) 30 % 
57.7, 339.0 𝑦 = 0.1cos(57.7𝑥) − 0.3 − 0.2cos(−339.0𝑥) 30 % 
Table 3. Recognition results by symbolic regression (5 Hz) 
Frequency / Hz Function identification results Smoothness 
188.6, 459.3 𝑦 = 60.6 + 0.4cos(188.6𝑥) − 8.5𝑥 − 0.3cos(459.3𝑥) 50 % 
550.2 𝑦 = 0.3 + 0.3sin(550.2𝑥) 30 % 
60.0, 184.2 𝑦 = 0.8 + 0.6cos(−60.0𝑥) + 0.6cos(−184.2𝑥) 30 % 
192.2 𝑦 = 2.2 + 2.4cos(192.2𝑥) 30 % 
87.6 𝑦 = 5.1 + 6.7cos(87.6𝑥) 17 % 
201.6 𝑦 = 30421.2 + −106766.5/𝑥 + 0.9cos(201.6𝑥) − 2166.8𝑥 50 % 
188.6 𝑦 = 0.2 + 1.1cos(188.6𝑥) 50 % 
242.5 𝑦 = 60.5 − 8.5𝑥 − 0.3cos(242.5𝑥) 50 % 
98.3, 199.7 𝑦 = 1.2 + 1.2cos(98.3𝑥) − 0.9cos(199.7𝑥) 50 % 
64.2 𝑦 = 0.05 + 0.7cos(−64.2𝑥) 50 % 
Table 4. Recognition results by symbolic regression (7.5 Hz) 
Frequency / Hz Function identification results Smoothness 
187.7, 295.7, 95.3 𝑦 = 62.9 + 0.4cos(187.7𝑥) + 0.2cos(3.7 + 295.7𝑥) − 8.8𝑥− 0.2cos(95.3𝑥) 50 % 
78.2 𝑦 = 0.8 − 0.8cos(78.2𝑥) 50 % 
194.0 𝑦 = 2.7 + 2.9cos(194.0𝑥) 50 % 
93.4 𝑦 = 7.0 + 8.8cos(3.4 − 93.4𝑥) 50 % 
186.8 𝑦 = 9.8 + 15.6cos(−186.8𝑥) 50 % 
109.5, 195.8 𝑦 = 82.0 + 0.8cos(−109.5𝑥) − 11.6𝑥 − 1.4cos(195.8𝑥) 50 % 
188.6 𝑦 = 0.2 + 1.4cos(188.6𝑥) 50 % 
222.4 𝑦 = 55.2 + 0.3cos(−222.4𝑥) − 7.7𝑥 50 % 
93.8, 205.0 𝑦 = 1.2 + 1.3cos(93.8𝑥) − 0.9cos(205.0𝑥) 50 % 
546.7 𝑦 = 0.09cos(546.7𝑥) − 0.3 30 % 
Table 5. Recognition results by symbolic regression (10 Hz) 
Frequency / Hz Function identification results Smoothness 
78.1 𝑦 = 1.4 + 2.1cos(1.2 + 78.1𝑥) 40 % 
928.2 𝑦 = 2.3 − 4.8cos(928.2𝑥) 30 % 
63849.4, 110.1 𝑦 = 1.7 + 9.4cos(−63849.4𝑥) − 7.2cos(110.1𝑥) 30 % 
112.7 𝑦 = 342.4 − 69.5𝑥 − 53.2cos(112.7𝑥) 30 % 
114.6 𝑦 = 50.3cos(114.6𝑥) − 12.3 30 % 
162.5 𝑦 = 1.3 + 1.3cos(162.5𝑥) 40 % 
141.5 𝑦 = 1.6cos(3.0 + 141.5𝑥) − 0.5 40 % 
107.7 𝑦 = 92.0 + 2.3cos(107.7𝑥) − 17.8𝑥 40 % 
105.9 𝑦 = 191.1 + 5.3cos(105.9𝑥) − 37.8𝑥 30 % 
104.8, 257.2 𝑦 = 0.1 + 1.5cos(104.8𝑥) − 1.0cos(257.2𝑥) 40 % 
In the process of model search, there is over fitting problem in the model. For multiple models, 
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the model is selected according to the structure of expression (2.16), and the model with high 
identification degree is selected. For example, in the result of function identification of Point 4 at 
3 Hz, the 243.3 is a constant trend term that should be removed, and the frequency of –305.1cos𝑥 
is too low, which belongs to the constant trend term, should be removed. The first term 
1.5cos(210.8𝑥) is the characteristic term of modal frequency, and the identified main frequency 
is 𝑓 = 33.5 Hz. In the result of function identification of Point 10 at 3 Hz, the 0.3 is that the trend 
of constant term should be removed. Considering that the frequencies of 104.0 Hz and 118.3 Hz 
are very similar, the fundamental frequency of the first, third and fourth terms is 104.0/(2𝜋) Hz, 
and the characteristic frequency of this recognition is 104.0/(2𝜋) Hz. 
The results show that the new experimental modal analysis method based on sign regression 
can deal with the interference of zero drift, trend term, high-frequency periodic noise and other 
interference in the strain signal and extract the modal parameters. This provides a guarantee for 
the later application of the Gaussian process regression model to the establishment of the model 
and the prediction of vibration characteristics at higher frequencies. 
2.3. Variation of main vibration frequency of each part of chip sorter 
Fig. 3 presents the variation curve of main vibration frequency under each rotation frequency 
(3 Hz, 4 Hz, 5 Hz, 7.5 Hz and 10 Hz). Under the conditions of each rotation frequency, the main 
vibration frequency of each point on the cantilever basically stays at 15.9 Hz-31.8 Hz. When the 
rotation frequency is 3 Hz, the main vibration frequency stays at 15.9Hz-31.8 Hz; when the 
rotation frequency is 4 Hz, the main vibration frequency is higher and fluctuates greatly; when the 
rotation frequency is 5 Hz, the main vibration frequency stays at 15.9 Hz-79.5 Hz; when the 
rotation frequency is 7.5 Hz, the main vibration frequency stays at 15.9 Hz-31.8 Hz; when the 
rotation frequency is 10 Hz, the main vibration frequency is about 15.9 Hz. On the whole, from 
4 Hz to 10 Hz, the frequency decreases and the range of variation decreases. Therefore, the 
prediction of the later frequency band shows that it tends to a constant of 15.91 Hz. 
 
Fig. 3. Variation curve of main vibration frequency under each rotation frequency  
(Point 1-10, Rotating frequency 3 Hz, 4 Hz, 5 Hz, 7.5 Hz and 10 Hz) 
From each point of view, as shown in Fig. 4, the main frequency of each point 1-10 decreases 
after 4H z to 10 Hz. Point 2 has a special case at 10Hz, which can be ignored in general. Point 1, 
3, 4, 5, 6, 8, 9 have strong volatility weakening and tend to constant. The trend of point 7 and 10 
is weak. 
Generally speaking, compared with the low-frequency, the volatility of the main vibration 
frequency tends to weaken and tends to be constant with the increase of the rotating frequency of 
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the cantilever. This law can be used to predict the vibration characteristics and suppress the 
vibration of the cantilever under high-frequency rotation. 
 
Fig. 4. Variation curve of main vibration frequency of each point  
(Point 1-10, Rotating frequency 3 Hz, 4 Hz, 5 Hz, 7.5 Hz and 10 Hz) 
3. Prediction model for vibration characteristics of chip sorter’s cantilever 
In this study, the actual situation is that the frequency distribution of the main vibration has 
volatility. Commonly used machine learning algorithms include artificial neural networks, support 
vector regression, hidden Markov models and other machine learning techniques to predict. 
According to the situation in this paper, Gaussian process and Bayesian model can be used to 
solve parameter prediction under the condition of considering average and variance. First, the 
strain signal of the cantilever mechanism chip sorting machine under high-frequency is collected, 
and the modal parameters are extracted from the time domain signal using the symbol regression 
algorithm. Then select the modal parameter recognition results under high-frequency as the 
samples, considering the volatility of the recognition results, and then use the machine learning 
algorithm Gaussian process regression model training samples to establish the prediction of the 
vibration characteristics of the cantilever under high-frequency. The advantage of this model is 
that the natural frequency is set as a random variable and obeys the Gaussian distribution, which 
can handle the volatility of the natural frequency well. 
The Gaussian process regression model and the regression equation are as follows [29]: 𝑎 ∗ = 𝑓^(𝑎|𝜑),𝜁∗ = 𝑘(𝜑∗,𝜑∗) − 𝑘(𝜑∗,𝜑∗) 𝐾(𝜑,𝜑) 𝑘(𝜑∗,𝜑∗), (1)
where the average 𝑓^(𝑎) is usually considered the new output 𝑎∗, the variance 𝜁∗ corresponds to 
the new input 𝜑∗, the original output data and input data are 𝑎 and 𝜑 respectively, the kernel 
functions 𝑘(∗,∗) and 𝐾(∗,∗) are standard exponential covariance functions and function matrices. 
The modal parameters are extracted from the time-domain strain signals by using the 
identification algorithm. In this chapter, the main vibration frequencies are selected as the 
characteristic parameters of vibration analysis. The identified modal parameters under 
high-frequency are selected as samples. Considering the volatility of the recognition results, 
machine learning algorithms and Gaussian process regression model training samples are used to 
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establish a prediction model of the vibration characteristics of the cantilever. This prediction 
model sets the natural frequency as random variable and obeys Gaussian distribution, which can 
deal with the volatility of natural frequency well. The prediction results can be used as the basis 
for identifying modal parameters and predicting vibration characteristics of chip sorter’s cantilever 
under high-frequency rotation. 
 
Fig. 5. Training results of main vibration frequency based  
on Gaussian process regression model (Points 1-10 from top to bottom) 
At the same time, Gaussian process has a good application prospect for volatility trajectory 
prediction. As shown in Fig. 5 and Fig. 6. Fig. 5 presents the main vibration frequency results of 
each point trained by Gaussian process regression model (Points 1-10 from top to bottom), and 
the training results show that the model has good fitting data. Fig. 6 presents the prediction results 
of main vibration frequency by Gaussian process regression model (Points 1-10 from top to 
bottom). It shows that the prediction results of main vibration frequency at 10 Hz by the model 
have deviation, but the main vibration frequency data of point 1-4 and point 6 are correct. It is 
believed that good prediction results can be obtained in the case of large data and model 
optimization. 
The main vibration frequency of each point on the cantilever can represent the vibration 
characteristics. It is found that the high rotation frequency of the main vibration of each component 
tends to be unified. The variation law of the main vibration frequency and rotation frequency has 
certain engineering application value for the high rotation frequency vibration analysis of the 
cantilever of the chip sorter. The training and testing model is used to predict the change law of 
vibration characteristics at higher frequency, and the purpose is to effectively control the vibration 
of the cantilever at high-frequency. 
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Fig. 6. Testing results of main vibration frequency based  
on Gaussian process regression model (Points 1-10 from top to bottom) 
4. Conclusions 
In this paper, the identification technology of modal parameters is applied to the vibration 
analysis of chip sorter. As a data mining method, the symbolic regression is used to obtain the 
modal parameters by mining the function expression rules of single point’s response, which can 
well deal with the interference of zero drift, trend term and high-frequency periodic noise in the 
strain signal and extract the modal parameters. In addition, the Gaussian process regression model 
is used to predict the vibration characteristics at higher frequencies. The natural frequency is set 
as a random variable and obeys the Gaussian distribution, which can well deal with the fluctuation 
of natural frequency. The experiment is carried out on the chip sorter’s rotating arm, and the strain 
time-domain signal is collected. The main vibration frequency of each point on the cantilever is 
extracted by using identification method as the characterization of dynamics. The prediction 
model based on Gaussian process regression is used to train and test the data, and the training 
results show that the accuracy of the model is very high. The test results show that the model is 
useful for the prediction of the main vibration frequency under high rotation. The variation law of 
higher frequency vibration characteristics predicted by the model can be used as the basis for 
vibration characteristic prediction and vibration suppression of rotating arm under high rotation 
according to the actual engineering situation. 
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